Chromatin 3D conformation plays important roles in regulating gene or protein 23 functions. High-throughout chromosome conformation capture (3C)-based 24 technologies, such as Hi-C, have been exploited to acquire the contact frequencies 25 45 efficiently by a classical multidimensional scaling method. We then show that the 46 method can recover stable structures in high noise settings. We also show that it can 47
among genomic loci at genome-scale. Various computational tools have been 26 proposed to recover the underlying chromatin 3D structures from in situ Hi-C contact 27 map data. As connected residuals in a polymer, neighboring genomic loci have 28 intrinsic mutual dependencies in building a 3D conformation. However, current 29 methods seldom take this feature into account. We present a method called ShNeigh, 30 which combines the classical MDS technique with local dependence of neighboring 31 loci modelled by a Gaussian formula, to infer the best 3D structure from noisy and 32 incomplete contact frequency matrices. The results obtained on simulations and real 33 Hi-C data showed, while keeping the high-speed nature of classical MDS, ShNeigh is 34 more accurate and robust than existing methods, especially for sparse contact maps. A 35 Matlab implementation of the proposed method is available at 36 https://github.com/fangzhen-li/ShNeigh. 37 38 Author summary 39 We propose a new method to infer a consensus 3D genome structure from a Hi-C 40 contact map. The novelty of our method is that it takes into accounts the adjacency of 41 genomic loci along chromosomes. Specifically, the proposed method penalizes the 42 optimization problem of the classical multidimensional scaling method with a 43 smoothness constraint weighted by a function of the genomic distance between the 44 pairs of genomic loci. We demonstrate this optimization problem can still be solved reconstruct similar structures from data obtained using different restriction enzymes. Introduction 50 Correct 3D organization of chromosomes plays important roles in maintaining 51 chromosomal functions such as gene expression, epigenetic modification and timely 52 copy and separation of chromosomes in mitosis. However, determining chromosomal 53 3D structures is still an unsettled issue currently. Traditional techniques such as 54 fluorescence microscope and fluorescence in situ hybridization (FISH), usually have 55 low resolution and can only probe a few of individual genome loci at one time. 56 Hi-C [1] , which is derived from Chromatin conformation capture (3C) and depth 57 sequencing technique, provides a new promise for this problem. As a high-resolution 58 and high-throughout method of studying chromosomal 3D conformation, Hi-C can 59 measure the contact frequency between genome loci pairs at the genome-wide level. 60 Inferring the 3D structure of the genome from the contact frequency matrix obtained 61 by Hi-C has become an interesting research topic of bioinformatics since the 62 occurrence of Hi-C. 63 However, reconstructing the 3D structures of chromosomes from the Hi-C data is 64 not so straightforward but an optimization problem essentially. As in other 65 applications, a standard optimization procedure requires clarifying two issues: the 66 objective function to be minimized or maximized and the optimization algorithm. As 67 for the objective function, one strategy is the distance-based formula. That is, this 68 strategy first converts the contact frequency matrix into the spatial distance matrix and 69 then minimizes the discrepancy between the distance matrix calculated from the 70 predicted structure and that converted from the frequency matrix [2,14-18]. Two 71 operations are prerequisite for this strategy: first, the frequency matrix is normalized 72 to remove the biases related to the DNA sequence, among which GC content, 73 sequence mappability and frequency of restriction sites are three most apparent bias 74 resources [4]; second, the conversion factor that modulates the power law relationship 75 between the frequency matrix and the distance matrix [1] is estimated through an 76 additional optimization procedure [2] . Another strategy of selecting the objective 77 function casts the problem of structure inference as a maximum likelihood problem by 78 assuming the contact frequency between genome loci follows a Poisson distribution 79 [3, 5] . HSA [11] constructs the likelihood by integrating multiple contact matrices 80 generated from different enzymes. The advantage of this strategy is that, by modeling 81 the effect of all the three data bias (i.e. GC content, sequence mappability and 82 frequency of restriction sites) and the power law relationship between frequency and 83 distance matrix with a generalized linear formula, all these effects can be absorbed 84 into the final likelihood function. Thus, all parameters ---the Cartesian coordinates of 85 all genome loci, the coefficients describing the effect of data bias and the conversion 86 factor parameter ---can be derived simultaneously through a unified optimization 87 procedure. Consequently, the normalization of the contact frequency matrix and the 88 additional conversion factor inference procedure, which are requisite for the first 89 strategy, are now unnecessary. 90 No matter which objective function above is adopted, the issue finally The problem of inferring the coordinates of N objects in the 3D space from the 117 distance information between them can be solved perfectly by the classical 118 multidimensional scaling method (MDS) [6] . However, the distance matrix converted 119 from the contact frequency matrix is not complete in that it contains many unknown 120 entries generally, which makes the classical MDS method can not be utilized directly. 121 This is just why various optimization approaches above mentioned were proposed. In 
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Simulated data study 143 We compared our ShNeigh with the existing methods ChromSDE [2], ShRec3D [19] 144 and ShRec3D+ [20] . As for ChromSDE, the quadratic SDP algorithm is adopted. We 145 first test these programs on the simulated helix structure dataset. Figure 3 shows the 146 performance comparison for the programs under different measurements. We draw 147 the mean result of 10 runs for each noise level to reduce the occasional fluctuation.
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The conversion factor is always assumed equal to 1 in ShRec3D, which is just the true the MDS framework. Two strategies are adopted to determine the parameters (i.e. 290 conversion factor α and the weight ρ) involved in the procedure: ShNeigh1 directly 291 gives α=1 and ρ values by relating ρ with the loci number and the signal coverage, 292 and ShNeigh2 searches for the two parameters through an iterative algorithm by 293 minimizing the difference between the measured and predicted contact matrix. 294 Though ShNeigh2 has a step of searching for the optimal conversion factor α and 295 the weight ρ, it is still much faster than ChromSDE. What's more, our method 
where α is the conversion factor and and are the 3D distance and contact 345 frequency between loci i and j, respectively. The infinite distances denote = ∞ 346 they provide no information for structure reconstruction. Eq.(1) does not consider the 347 scale between the converted distance and the real physical distance. This scale, if 348 necessary, can be described by adding a coefficient β before the term in The second term reflects a distance penalty. It controls the smoothness of the 406 reconstructed structure with a tuning parameter ρ. The extreme scenario ρ= 0 is just 407 the ShRec3D [19] method, which gives a reconstruction entirely relying on the 408 contact maps without smoothing. 409 After some algebra (see Supplementary text for a detailed derivation), we proved 410 that the above problem is equivalent to minimizing the following object function: is the policy adopted by ShRec3D. The expression of is = 1 433 partly inspired by HSA. It means that the value of is proportional to both one 434 minus signal coverage and the root square of loci quantity. The term 435 is used to handle the case of very high (close to 1) signal coverage.
(3,0.2 × ) 436 Without this term, will tend to be zero as sc approaches 1. For ShNeigh2, we also 437 set , but we infer α and ρ by minimizing an error function that = 0.023 × 438 describes the difference between the predicted frequency matrix and the input 439 frequency matrix F. Figure 1 gives 
